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1. begin initialize threshold, each sensor forms a cluster Cs 
2. do find nearest pair of clusters, say Cs and Q 
3. if dist(C:, Cg) < threshold 
4. merge Cl and C; 
5. update distance between clusters 
6. else 
7. break 
8. while true 
9. end 

Fig. 5 
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ROBUST SENSOR CORRELATION ANALYSIS FOR 
MACHINE CONDITION MONITORING 

CROSS REFERENCE TO RELATED 
APPLICATIONS 

[0001] This application claims the bene?t of US. Provi 
sional Application Ser. No. 60/741,298 entitled “Robust 
Sensor Correlation Analysis for Machine Condition Moni 
toring,” ?led on Dec. 1, 2005, the contents of Which are 
hereby incorporated by reference in their entirety. 

FIELD OF THE INVENTION 

[0002] The present invention relates generally to the ?eld 
of machine condition monitoring, and more particularly, to 
techniques and systems for the statistical modeling of rela 
tionships among machine sensors from historical data. 

BACKGROUND OF THE INVENTION 

[0003] Many manufacturing and service equipment instal 
lations today include, in addition to systems for controlling 
machines and processes, systems for machine condition 
monitoring. Machine condition monitoring systems include 
an array of sensors installed on the equipment, a commu 

nications netWork linking those sensors, and a processor 
connected to the netWork for receiving signals from the 
sensors and making determinations on machine conditions 
from those signals. 

[0004] The purpose of machine condition monitoring is to 
detect faults as early as possible to avoid further damage to 
machines. Traditionally, physical models Were employed to 
describe the relationship betWeen sensors that measure per 
formance of a machine. Violation of those physical relation 
ships could indicate faults. HoWever, accurate physical 
models are often dif?cult to acquire. 

[0005] An alternative to the use of physical models is the 
use of statistical models based on machine learning tech 
niques. That approach has gained increased interest in recent 
decades. In contrast to a physical model, Which assumes 
knoWn sensor relationships, a statistical model learns the 
relationships among sensors from historical data. That char 
acteristic of the statistical models is a big advantage in that 
the same generic model can be applied to different machines. 
The learned models differ only in their parameters. 

[0006] To ensure the success of a statistical model, the 
sensors to be included in the model must be selected 
carefully. For example, for a regression model, Which uses 
a set of input sensors to predict the value of an output sensor, 
the output sensor should be correlated With the input sensors. 
Large systems such as a poWer plant can contain over a 
thousand sensors. A systematic technique for exploring the 
relationship betWeen sensors is therefore needed. 

[0007] In the statistics ?eld, correlation analysis has been 
extensively used to ?nd the dependence betWeen random 
variables. If the signal from each sensor is vieWed as a 
random variable and its value at a certain time is vieWed as 
an independent observation, it is possible to similarly apply 
statistical correlation analysis to sensors to ?nd out their 
relationship. A Well-knoWn method is to calculate the cor 
relation coef?cient betWeen tWo random variables x and y 
as: 
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[0008] Where [xi, yi] is the ith observation (or sample) of 
x and y. x and y are the observation means of x and y. n is 
the number of samples. For simplicity, pxy is also abbrevi 
ated as p. 

[0009] The correlation coef?cient de?ned above suffers 
from the effects of outliers. A single outlier could signi? 
cantly loWer the p score betWeen tWo random variables even 
if they are, in fact, highly correlated. To tackle that problem, 
researchers have proposed Spearman and Kendall correla 
tion coef?cients, Which are knoWn to be among the top 
performers. 
[0010] After calculating p for each pair of sensors, a 
cluster analysis may be performed in order to group the 
sensors according to their similarity. The Well-knoWn 
k-means clustering method requires a number of clusters to 
be speci?ed. The value has little or no physical meaning. In 
addition, the classical k-means clustering technique requires 
the calculation of the mean of each cluster, Which is not 
directly possible using the correlation-coe?icient based 
measure. 

[0011] There is therefore presently a need to provide a 
method and system for establishing relationships among 
sensors in a machine condition monitoring system using 
statistical models based on machine learning techniques. 
The technique should be capable of dealing With data 
containing outliers, and should have physically meaningful 
criteria for setting cluster parameters. 

SUMMARY OF THE INVENTION 

[0012] The present invention addresses the needs 
described above by providing several machine monitoring 
methods. A neW technique is presented to calculate the 
correlation coef?cient, Which is more robust against outliers. 
A Weight is assigned to each sample, indicating the likeli 
hood that that sample is an outlier. The calculation of the 
Weight is based on the Mahalanobis distance from the 
sample to the sample mean. 

[0013] Additionally, hierarchical clustering is applied to 
intuitively reveal the group information among sensors. By 
specifying a similarity threshold, the user can easily obtain 
desired clustering results. 

[0014] One embodiment of the invention is a method for 
machine condition monitoring. The method includes the step 
of determining a robust correlation coe?icient pxy betWeen 
pairs of sensors using data from a group of samples (xi, yi) 
from the pairs of sensors. The robust correlation coef?cient 
pXy is determined by initialiZing a Weight Wi for each sample 
(xi, yi), Wherein 0§Wi§l and 2Wi=l, each Weight Wi being 
proportional to an inverse of a distance betWeen the sample 
(xi, yi) and a sample mean; estimating a mean u. and 
covariance matrix Q of the sample as |J.=2WiZi and 
Q=2Wi(Zi—|J.)(Zi—|J.)T, Wherein Zi=[xiyi]T; updating the 
Weight Wi for each observation 
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wherein 

(Xi, yz) “5 W; = Wherein 

repeating the estimating and updating steps until conver 
gence. The robust correlation coefficient is calculated as 

Z wax.- — my; — y) 

where x=Zwixi and y=Zwiyi. The method further includes 
the step of predicting sensor readings using the robust 
correlation coefficient. 

[0015] The method may also include the step of clustering 
the sensors based on the robust correlation coefficient. The 
clustering may be a hierarchical clustering. 

[0016] The step of clustering the sensors may further 
include the steps of initializing a cluster list by placing each 
sensor in its own cluster Ci; determining distances between 
pairs of clusters 

davgwi. 0]) = mZZdW. 
xeC yeC 

wherein dxy=l—abs(pxy); and, if a lowest of the distances 
davg(Ci, C1) is smaller than a threshold, combining the 
respective clusters Ci, Cj, updating the cluster list and 
continuing with the determining step. 

[0017] Another method for machine condition monitoring 
includes the steps of receiving a group of readings from a 
plurality of sensors; for at least one pair of sensors (x, y) of 
the plurality of sensors, determining a robust correlation 
coefficient pxy, using a plurality of samples (xi, yi) from the 
group of readings, and using a weight wi for each sample (xi, 
yi) based on how closely the sample obeys a joint distribu 
tion of the readings of the pair of sensors (x, y); and 
clustering the sensors in a hierarchical cluster scheme using 
distances calculated from the robust correlation coefficient 

[0018] The robust correlation coefficient pxy may be deter 
mined as detailed above, and the clustering of the sensors 
may be performed as detailed above. 

[0019] The method may further include the step of adjust 
ing the threshold to adjust a dissimilarity of sensors in each 
cluster. The weight wi for each sample (xi, yi) may further be 
based on a Mahalanobis distance from the sample to a 
sample mean. 
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[0020] Another embodiment of the invention is a com 
puter-usable medium having computer readable instructions 
stored thereon for execution by a processor to perform the 
methods described above. 

BRIEF DESCRIPTION OF THE DRAWINGS 

[0021] FIG. 1 is a schematic illustration of a system for 
machine condition monitoring according to one embodiment 
of the invention. 

[0022] FIG. 2 is plot showing a weighting function 
according to one embodiment of the invention. 

[0023] FIG. 3 is a ?ow chart showing a method according 
to one embodiment of the invention. 

[0024] FIG. 4 is plot showing data used in testing a 
method of the invention. 

[0025] FIG. 5 is a pseudocode listing showing an imple 
mentation of a method according to one embodiment of the 
invention. 

[0026] FIG. 6 is plot showing data used in testing a 
method of the invention. 

[0027] FIG. 7 is plot showing hierarchical clustering as a 
function of cluster dissimilarity according to one embodi 
ment of the invention. 

DESCRIPTION OF THE INVENTION 

[0028] A system 110 for monitoring conditions of 
machines 120, 130, 140 according to one embodiment of the 
invention is shown in FIG. 1. The system includes a plurality 
of machine sensors such as the sensors 121A, 121B con 
nected to machine 120. The sensors may, for example, be 
accelerometers, temperature sensors, ?ow sensors, position 
sensors, rate sensors, chemical sensors or any sensor that 
measures a condition of a machine or process. The sensors 

measure conditions chosen because they are related in 
predictable ways that re?ect the presence or absence of 
normal operating conditions in an installation 100. 

[0029] The sensors 121A, 121B are connected through a 
data network 150 to a data interface 118 in a machine 
condition monitoring system 110. A processor 116 receives 
the sensor data from the data interface 118 and performs the 
monitoring methods of the invention. The processor is 
connected to storage media 112 for storing computer-read 
able instructions that, when executed, perform the monitor 
ing methods. The storage media 112 may also store histori 
cal data received from the sensors 121A, 121B. A user 
interface 114 is provided for communicating results and 
receiving instructions from a user. 

[0030] Robust Correlation Coefficient 

[0031] The correlation coe?icient p between x and y is 
ideally calculated from good samples that represent the joint 
distribution of x and x. Due to the existence of outliers 
(observations that lie outside the overall pattern of a distri 
bution), however, the estimated p using prior art methods is 
often incorrect. To obtain a correct correlation coefficient p, 
outliers must either be removed from samples or their effects 
must be reduced in the calculation of the correlation coef 
?cient p. 
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[0032] In the present invention, the second approach, 
reducing the effect of outliers, is used. In many cases, it is 
dif?cult or impossible to set a clear boundary betWeen 
normal samples and outliers. Instead of requiring a binary 
outlier decision (yes or no) on a sample, the technique of the 
present invention assigns Weights Wi to samples. If a sample 
obeys the joint distribution of X and y, that sample is given 
a high Weight; otherWise, it is given a loW Weight. The 
Weights Wi are de?ned such that 0§Wi§l and 2Wi=l. Each 
sample can be represented by a vector [Xi yi Wi]. The 
calculation of the correlation coef?cient p, in robust form, 
therefore becomes: 

2 wax.- — my; — y) 

[0033] Where X=ZWiXi and y=ZWiyi. In addition to p, other 
measures may be transformed into a corresponding robust 
form, as demonstrated beloW. 

[0034] AWeight Wi must be assigned to each sample [X y]. 
To do so, a statistic f(X,y) is developed such that the 
probability of f(X,y)<fO is very large (such as 0.95), Where fO 
is a threshold. That provides a criterion to distinguish 
outliers from normal samples. 

[0035] For a sample [Xi, yi], if f(Xi, yi)<fo, it is concluded 
that that sample obeys the distribution. If f(Xi, ygifo, it is 
concluded that that sample violates the distribution, because 
the probability for that sample to occur under the distribu 
tion is very loW (such as 0.05). When the sample violates the 
distribution, a decreasing Weight Wi is assigned to it based on 
the deviation of f(Xi, yi) from f0. The Weighting function is 
de?ned as: 

[0036] The shape of the Weighting function W(X1, yl) is 
illustrated in the graph 200 of FIG. 2. W1 is simply the 
normalized version of W(X1, yl): 

[0037] The function f(Xl, yl) is de?ned to be the Mahal 
anobis distance from the mean of [X y]. By so de?ning the 
function f(X1, y 1), it is implicitly assumed that X and y satisfy 
a joint Gaussian distribution N(p., Q), Where p. is the mean 
and Q is the covariance matrix. Let Zi=[Xi yi]T. f(Xl, yl) can 
be expressed as: 

[0038] It can be proved that f(Z) satis?es a chi-square 
distribution. As noted above, a preferred embodiment of the 
invention requires that the probability of f(Z)<fO is 0.95, if Z 
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is a good sample. That suggests the use of fO=6.0 based on 
the standard chi-square distribution lookup table. Note that 
the Mahalanobis distance can be used in cases Where the 
distribution of X and y is not Gaussian, since in most cases, 
outliers are located far from the mean of the distribution. The 
same Weighting strategy is applied to estimate p. and Q, since 
standard Ways to calculate them also suffer from outliers. 
The estimates of p. and Q are de?ned as: 

[0039] A method for calculating the correlation coef?cient 
p, shoWn in FIG. 3, may noW be de?ned as a series of steps 
for eXecution by a processor: 

[0040] l. InitialiZe Wi (step 310) by calculating the sample 
mean and assigning to each Weight Wi a value proportional 
to the inverse of the distance betWeen the ith sample and the 
sample mean. 

[0041] 2. Estimate p. and Q (step 320) as described above, 
using the sample Weights Wi and Zi=[Xi yi]T. 

[0042] 3. Update Wi (step 330) using the estimates of p. and 
Q, by eXpressing f(Xi, yi) as f(Zi)=(Zi—|J.)TQ_l(Zi—|J.), substi 
tuting in the Weighting function W(Xi, yi): 

[0043] and normalizing to ?nd WiZ 

[0044] 4. If the algorithm converges (decision 340), con 
tinue; otherWise, return to Step 2. 

[0045] 5. Calculate and output (step 350) the robust cor 
relation coef?cient p for each sample (Xi, yi), as 

Z wax.- — my; — y) 

[0046] and end the process (block 360). 

[0047] An eXample data set 400 including 20 samples With 
tWo outliers 420, 430 located at [2.1, 3.2] and [1.8, 4.5], 
respectively, is shoWn in FIG. 4. Using the unWeighted 
method discussed in the background section above for 
calculating the correlation coef?cient pxy, the result is 
p=0.254. Apparently, that result is corrupted by the tWo 
outliers 420, 430. If those tWo outliers are eXcluded, the 
same unWeighted equation yields the ideal p=0.973. The 
method of the invention discussed above produces p=0.923. 
For comparison, the Spearman and Kendall correlation 
coef?cient estimators produce p=0.582 and 0.605, respec 
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tively. The method of the present invention produces the best 
correlation coe?icients; i.e., the correlation coef?cients that 
are closest to the ideal value. 

[0048] Hierarchical Sensor Clustering 

[0049] A hierarchical clustering method is used for clus 
tering sensors for several reasons. First, the output of 
hierarchical clustering provides the user with a graphical 
tree structure, which is intuitive and easy to analyZe. Second, 
by specifying different similarity thresholds corresponding 
to different levels of the tree, a user can easily obtain 
preferred clustering results. Such a threshold is directly 
related to the correlation relationship among sensors. 

[0050] To create a clustering schema, the correlation coef 
?cient pxy is initially converted into a distance-based dis 
similarity measure, which is often used in the clustering 
literature: 

[0051] In general, one of the following three functions is 
used to measure the distance between two clusters Ci and C]: 

dmax(Ct-, Cj) : maxdxy; or 
xeCL 
yec/ 

[0052] The inventors have chosen the third function, davg, 
which is also known as complete linkage. That choice 
guarantees that all sensors in a cluster have a correlation 
coef?cient larger than the user-speci?ed threshold. 

[0053] The implementation of the above hierarchical clus 
tering technique is as follows. A matrix is used to store the 
pair-wise distances davg, and a list is used to store clusters Ci. 
In each step, the data is searched for the closest pair of 
clusters. That pair is merged, and the distance matrix and the 
cluster list are updated accordingly. If the distance of the 
closest pair is larger then the threshold, the process is 
stopped and the resulting clusters are returned. Note that the 
correlation coef?cient must be transformed into a dissimi 
larity value as described above. A pseudocode representation 
500 of the method is presented in FIG. 5. 

[0054] Test Results 

[0055] The methods of the invention have been experi 
mentally applied to real power plant data. The data set 
contained 35 sensors, including power (MW), inlet guide 
vane actuator position (IGV), inlet temperature (TlC), and 
32 blade path temperature (BPTC) sensors: BPTClA, 
BPTClB, BPTC2A. . . BPTC16B. Each sensor has values 

corresponding to 2939 time stamps (i.e., 2939 samples). 
According to domain knowledge, MW and IGV are corre 
lated and all 32 BPTC sensors are highly correlated. High 
absolute correlation coef?cients are expected between cor 
related sensors. Among the 32 correlated BPTC sensors, the 
last sensor (BPTC16B) produced several extremely small 
values as compared with the remaining values. The plot 600 
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of FIG. 6 shows the sample distribution between BPTC16A 
and BPTCI6B. The outliers 610 can be clearly seen. Using 
the unweighted method discussed in the background section 
above, the correlation coef?cient pXy=0.2532 for those two 
sensors. Using the method of the invention, the robust 
correlation coef?cient pXy=0.9993, which re?ects the correct 
correlation between those two sensors. 

[0056] Hierarchical clustering of that data in accordance 
with the invention is shown in FIG. 7. The y-axis denotes the 
dissimilarity values between the pairs of joined clusters. The 
tree is cut according to the threshold and a cluster is formed 
for each new sub-tree. For a dissimilarity threshold of 0.1, 
three clusters are produced: {MW, IGV}, {BPTClA . . . 
BPTC16B} and {TIC}. For a threshold of 0.3, two clusters 
are produced: {MW, IGV, BPTClA . . . BPTC16B} and 

{TIC}. 
[0057] The foregoing Detailed Description is to be under 
stood as being in every respect illustrative and exemplary, 
but not restrictive, and the scope of the invention disclosed 
herein is not to be determined from the Description of the 
Invention, but rather from the Claims as interpreted accord 
ing to the full breadth permitted by the patent laws. For 
example, while the method is disclosed herein as describing 
machine condition monitoring in an industrial environment, 
the method may be used in any environment where condi 
tions are monitored by sensors having relationships that are 
repeatable, while remaining within the scope of the inven 
tion. For example, the invention may be applied to an 
agricultural system, a highway traf?c system or a natural 
ecological system. It is to be understood that the embodi 
ments shown and described herein are only illustrative of the 
principles of the present invention and that various modi? 
cations may be implemented by those skilled in the art 
without departing from the scope and spirit of the invention. 

What is claimed is: 
1. A method for machine condition monitoring, compris 

ing the steps of: 

determining a robust correlation coe?icient pxy between 
pairs of sensors using data from a group of samples (xi, 
yi) from the pairs of sensors, the robust correlation 
coef?clent pXy be1ng determ1ned by: 

initialiZing a weight wi for each sample (xi, yi), wherein 
0§w,§1 and Zwi=l, each weight wi being propor 
tional to an inverse of a distance between the sample 
(xi, yi) and a sample mean; 

estimating a mean u and covariance matrix Q of the 
sample as 

updating the weight wi for each observation (xi,yi) as 
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repeating the estimating and updating steps until con 
vergence; 

calculating the robust correlation coef?cient as 

Z wax.- - my; — y) 

predicting sensor readings using the robust correlation 
coef?cient. 

2. The method of claim 1, further comprising the step of: 

clustering the sensors based on the robust correlation 
coef?cient. 

3. The method of claim 2, Wherein the clustering is a 
hierarchical clustering. 

4. The method of claim 2, Wherein the step of clustering 
the sensors further comprises: 

initialiZing a cluster list by placing each sensor in its oWn 
cluster Ci; 

determining distances betWeen pairs of clusters 

davuci. cf) = mZZdW. 
xeC yeC 

Wherein dxy=l—abs(pxy); and 

if a loWest of the distances davg(Ci, C1) is smaller than a 
threshold, combining the respective clusters Ci, Cj, 
updating the cluster list and continuing With the deter 
mining step. 

5. A method for machine condition monitoring, compris 
ing the steps of: 

receiving a group of readings from a plurality of sensors; 

for at least one pair of sensors (X, y) of the plurality of 
sensors, determining a robust correlation coef?cient 
pxy, using a plurality of samples (Xi, yi) from the group 
of readings, and using a Weight Wi for each sample (Xi, 
yi) based on hoW closely the sample obeys a joint 
distribution of the readings of the pair of sensors (X, y); 
and 

clustering the sensors in a hierarchical cluster scheme 
using distances calculated from the robust correlation 
coef?cient pxy. 

6. The method of claim 5, Wherein the robust correlation 
coef?cient pxy is determined by: 

initialiZing the Weight Wi for each sample (Xi, yi), Wherein 
0§Wi§l and 2Wi=l, each Wi being proportional to an 
inverse of a distance betWeen the sample (Xi, yi) and a 
sample mean; 

estimating a mean u. and covariance matrix Q of the 
sample as 
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Wherein Zi=[Xiyi]T, 

updating the Weight Wi for each sample (Xi,yi) as 

repeating the estimating and updating steps until conver 
gence; 

calculating the robust correlation coef?cient as 

Z wax.- - my; — y) 

wax.- — m2 I my; — p2 

Where X=ZWiXi and y=ZWiyi. 
7. The method of claim 5, Wherein the step of clustering 

the sensors further comprises: 

PXy : 

initialiZing a cluster list by placing each sensor in its oWn 
cluster Ci; 

determining distances betWeen pairs of clusters 

1 
davg(cis C1‘): — dxys |Ci || Cjl X; y; 

Wherein dxy= l —abs(pxy); and 

if a loWest of the distances davg(Ci, C1) is smaller than a 
threshold, combining the respective clusters Ci, Cj, 
updating the cluster list and continuing With the deter 
mining step. 

8. The method of claim 7, further comprising the step of: 

adjusting the threshold to adjust a dissimilarity of sensors 
in each cluster. 

9. The method of claim 5, Wherein the Weight Wi for each 
sample (Xi, yi) is further based on a Mahalanobis distance 
from the sample to a sample mean. 

10. A computer-usable medium having computer readable 
instructions stored thereon for execution by a processor to 
perform a method comprising: 

receiving a group of readings from a plurality of sensors; 

for at least one pair of sensors (X, y) of the plurality of 
sensors, determining a robust correlation coef?cient 
pxy, using a plurality of samples (Xi, yi) from the group 
of readings, and using a Weight Wi for each sample (Xi, 
yi) based on hoW closely the sample obeys a joint 
distribution of the readings of the pair of sensors (X, y); 
and 
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clustering the sensors in a hierarchical cluster scheme 
using distances calculated from the robust correlation 
coef?cient pxy. 

11. The computer-usable medium of claim 10, Wherein the 
robust correlation coef?cient pxy is determined by: 

initializing the Weight Wi for each sample (Xi, yi), Wherein 
0§Wi§l and 2Wi=l, each Wi being proportional to an 
inverse of a distance betWeen the sample (Xi, yi) and a 
sample mean; 

estimating a mean u. and covariance matrix Q of the 
sample as 

li=2WiZi and Q=EW;(ZFH)(ZFH)T> 

Wherein Zi=[xiyi]T; 

updating the Weight Wi for each sample (xbyi) as 

Wi 

repeating the estimating and updating steps until conver 
gence; 

calculating the robust correlation coef?cient as 
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Where >_<=ZWixi and §_/=ZWiyi. 
12. The computer-usable medium of claim 10, Wherein 

the step of clustering the sensors further comprises: 

initializing a cluster list by placing each sensor in its oWn 
cluster Ci; 

determining distances betWeen pairs of clusters 

(1mm, cf) = mZZdW, 
eCyeC 

Wherein dxy= l —abs(pxy); and 

if a loWest of the distances daVg(Ci,CJ-) is smaller than a 
threshold, combining the respective clusters Ci, Cj, 
updating the cluster list and continuing With the deter 
mining step. 


